Climate change will affect the abundance and seasonality of West Nile virus (WNV) vectors, altering the risk of virus transmission to humans. Using downscaled general circulation model output, we calculate a WNV vector's response to climate change across the southern United States using process-based modeling. In the eastern United States, Culex quinquefasciatus response to projected climate change displays a latitudinal and elevational gradient. Projected summer population depressions as a result of increased immature mortality and habitat drying are most severe in the south and almost absent further north; extended spring and fall survival is ubiquitous. Much of California also exhibits a bimodal pattern. Projected onset of mosquito season is delayed in the southwestern United States because of extremely dry and hot spring and summers; however, increased temperature and late summer and fall rains extend the mosquito season. These results are unique in being a broad-scale calculation of the projected impacts of climate change on a WNV vector. The results show that, despite projected widespread future warming, the future seasonal response of C. quinquefasciatus populations across the southern United States will not be homogeneous, and will depend on specific combinations of local and regional conditions. disease | insect | ecology P rojections of disease-related climate change impacts are currently limited and constitute a key research priority (1). During its expansion across North America, West Nile virus (WNV) led to major epidemics during the summers of 2002-2004 (2) and is now endemic in most areas. Although host-bird species behavior and viral strain temperature tolerances are critical components of WNV dynamics (2), vector ecology is also a key element of the virus ecology. Although climate and meteorological factors can moderate mosquito vector population dynamics (3, 4) and infection rates (5), the projected impacts of climate change on WNV vectors are not yet known. From a human health perspective, a better understanding of this complex system will facilitate the implementation of more effective control measures and reduce virus transmission to human populations (6).
Climate change will affect the abundance and seasonality of West Nile virus (WNV) vectors, altering the risk of virus transmission to humans. Using downscaled general circulation model output, we calculate a WNV vector's response to climate change across the southern United States using process-based modeling. In the eastern United States, Culex quinquefasciatus response to projected climate change displays a latitudinal and elevational gradient. Projected summer population depressions as a result of increased immature mortality and habitat drying are most severe in the south and almost absent further north; extended spring and fall survival is ubiquitous. Much of California also exhibits a bimodal pattern. Projected onset of mosquito season is delayed in the southwestern United States because of extremely dry and hot spring and summers; however, increased temperature and late summer and fall rains extend the mosquito season. These results are unique in being a broad-scale calculation of the projected impacts of climate change on a WNV vector. The results show that, despite projected widespread future warming, the future seasonal response of C. quinquefasciatus populations across the southern United States will not be homogeneous, and will depend on specific combinations of local and regional conditions. disease | insect | ecology P rojections of disease-related climate change impacts are currently limited and constitute a key research priority (1) . During its expansion across North America, West Nile virus (WNV) led to major epidemics during the summers of 2002-2004 (2) and is now endemic in most areas. Although host-bird species behavior and viral strain temperature tolerances are critical components of WNV dynamics (2) , vector ecology is also a key element of the virus ecology. Although climate and meteorological factors can moderate mosquito vector population dynamics (3, 4) and infection rates (5) , the projected impacts of climate change on WNV vectors are not yet known. From a human health perspective, a better understanding of this complex system will facilitate the implementation of more effective control measures and reduce virus transmission to human populations (6) .
Studies relating climate to the incidence of other mosquitoborne diseases have been performed with varying success for malaria (7) (8) (9) and dengue fever (10, 11) . The most effective way to study the complex feedbacks and impacts of climate change on vector populations is through dynamic modeling because it resolves some of the limitations associated with empirically based statistical techniques. These limitations include the lack of long-term and continuous mosquito surveillance data and the inappropriate extrapolation of projections from temperature and precipitation combinations outside the bounds of past measurements. Some of these issues, however, still manifest themselves in dynamic modeling because mosquito response to climate variables may change in time and between places as a result of evolutionary pressures. Limited test data from mosquito trapping and inaccuracies in climate change projections are limitations in both analysis techniques.
Few studies have quantified the connection between climate and WNV vectoring mosquito populations through processbased modeling (12) . Hopp and Foley (11) explored the worldwide distribution of dengue fever through the container-inhabiting mosquito simulation model (CiMSIM) at a 1°grid cell resolution. CiMSIM is a dynamic life-table model driven with climate input to predict Aedes aegypti populations (13 Because it feeds on avian and human hosts and it inhabits urban environments, this species is suspected to be a primary vector of WNV in many southern US states (18, 19) . In this study, we use DyMSiM to discern the effects of climate change on C. quinquefasciatus populations across the southern United States, using a general circulation model (GCM) output run on guidelines established by the Intergovernmental Panel on Climate Change (IPCC) Fourth Assessment Report (AR4).
Because of a scientific consensus that climate change is occurring with associated human health consequences, public health research has focused on identifying and implementing effective
Significance
The potential impacts of climate change on human health are possibly large and not yet well understood, especially for vector-borne diseases. This study provides projections of how climate change may affect the population of a West Nile virus mosquito vector across the southern United States. Using a climate-driven mosquito population model, we simulate vector abundance under base and future climate. Under future climate, many locations exhibit a lengthening of the mosquito season with a decrease in summer populations. These impacts are not uniform geographically and vary with local temperature and precipitation conditions. The results imply that disease-transmission studies and vector-control programs must be targeted locally to maximize their effectiveness.
mitigation and adaptive strategies (20) (21) (22) . Challenges for public health responses to climate change include the need for locationspecific assessment of risk (20, 21) and the lack of quantitative research (22) . This study addresses both challenges by quantifying how projected climate change will affect the spatial and temporal dynamics of a WNV vector across a large spatial domain at a spatial resolution necessary for effective public health action.
Results and Discussion
Our results show that projected changes in temperature, precipitation, and evaporation modify modeled water/habitat availability, life-cycle development, and the number of days with mosquitoes, summarized as mosquito days per month (MDM) (Fig. 1) . During the cooler seasons there are widespread increases in MDM that follow latitudinal and elevational gradients. This pattern occurs despite drying conditions in many locations, indicating that temperature is the controlling climate variable. Anthropogenic responses to drying conditions like lawn watering, however, could replenish habitats. During late spring and summer, widespread decreases in MDM throughout much of the country, particularly Texas and the lower Midwest, suggest that precipitation limits mosquitoes. This finding contradicts the often-held assumption that projected warmer conditions always favor mosquitoes and clarifies some of the uncertainty in complex feedbacks involving climate and climate change influences on vectors and virus transmission, enabling more targeted public health action by using location-specific knowledge of vector responses to climate (23) (24) (25) . Most notably, these results reveal that the relative importance of individual climate variables for mosquito population development and maintenance are strongly dependent on time and location.
The analysis illustrates the sensitivity of mosquito populations to the complex effects of projected climate change at broad and local scales. For example, drying in high rainfall areas may have little or no effect on mosquito populations if precipitation is still sufficient to create and maintain immature mosquito habitat. Similarly, increased precipitation in an arid region may have no effect on mosquito populations if it is insufficient to support containerbreeding mosquito populations, as exemplified in southeastern California during the summer. Several studies have even suggested that drought conditions can lead to increased vector populations (26, 27 ) and vector infection rates (5) caused by increased contact between vectors and avian hosts. Because climate change is temporally and spatially heterogeneous, the sensitivity of mosquito populations to climate change is dependent on local climatic context. The seasonal timing of precipitation (28, 29) and the intensity of events (30) are also important factors mitigating WNV vector population development and infection. Consequently, the impacts on mosquito populations can vary considerably between locations within a region.
To generalize beyond local variation, temporal patterns of change across the study locations are regionalized for summary purposes into five geographic zones based on similar changes in their mosquito seasons (Fig. 2) . Time series of climate variables and mosquito populations averaged by region reveal the factors responsible for population change (Fig. 2) . Whereas most locations are clustered in their respective geographic zones, some are distant. Although two locations have different climates, similar changes in temperature and precipitation can produce a similar response in mosquito population dynamics. Additionally, California's complex topography produces spatially heterogeneous climates, some of which may be similar (in a mosquito population-related sense) to climate regimes further east. It is also possible for areas experiencing different changes in climate to have similar changes in population dynamics. For example, increased spring rains in an arid environment and warmer spring temperatures in a moist environment could both create similar increases in spring mosquito populations. All locations experience an extended season, with mosquito populations rising earlier in the spring and lasting later into the fall as a result of elevated temperatures under projected climate change. Although rising temperatures could influence WNV ecology by extending the season during which mosquitoes are active, it could also influence vector competence. Warmer temperatures increase viral replication, which can shorten the extrinsic incubation period, increase virus infection and dissemination within the mosquito, and result in increased transmission rates (2, (31) (32) (33) . Thus, warmer fall conditions may benefit the ecology of WNV by There is widespread warming throughout the study region, with the most intense warming occurring during the summer in the Southwest and lower Midwest. Precipitation changes are more variable in space and in time. The greatest drying occurs during spring and summer in the central United States. The drying extends to the Southwest during spring; however, precipitation is enhanced during the summer and fall. Precipitation changes in the eastern United States are relatively limited, with some drying in Florida and the southeast and small increases throughout the rest of the region. Higher spring and fall temperatures increase the number of days with mosquitoes across much of the United States, except in the Southwest during spring where severe drying inhibits population development. Decreased precipitation during summer and early fall decreases the number of days with mosquitoes across the central United States.
allowing the virus to circulate within the avian and mosquito populations for a greater period.
Changes in the start date (Fig. 3A ) and end date (Fig. 3B ) of the mosquito season between baseline (1970-1999) and future (2021-2050) climate conditions also suggest a lengthening of vector activity. Warmer temperatures during the cool season are likely responsible for the earlier and larger spring and early summer populations. Studies have shown that climate during the previous fall, winter, and spring are good predictors of currentyear vector populations (3, 34) . During an exceptionally warm California winter, vector population and reproductive activity increased compared with previous years (35) . As stated previously, increased mosquito activity during cooler parts of the year extends the time of virus circulation in the avian and mosquito population. Warmer winter temperatures, for example, have been associated with WNV-related declines in crow populations (36) .
Increased temperatures and extended seasonality of mosquito activity could also signify an expansion in the range of WNV vectors. Elevated summer temperatures in British Columbia, Canada, for example, have been associated with the expansion of WNV in this area (37) . Under projected climate change, modeled Culex pipiens habitat suitability has been shown to increase further north in Canada (38) . Climate change could also facilitate the introduction or reintroduction of new vectors and diseases, especially in conjunction with globalization as exemplified with dengue fever (39). Although we discuss the relevance of changing vector dynamics for WNV transmission, the complicated ecology of WNV prevents projections of changes in infection risk based on vector populations alone.
During the summer, mosquito populations under projected future climate conditions often decline because of decreased precipitation and increased evaporation and immature mortality at high temperatures (Fig. 4) . This decline may not decrease WNV transmission risk, however, as it has been suggested that birds and mosquitoes can be forced into greater contact by congregating around scarce water sources serving as mosquito habitat, thereby increasing transmission (28, 29) . In addition, vector species that rely on more permanent water sources may be less affected by drying conditions and thereby gain a larger role as disease vectors. Even within a local area microclimate, seasonality and surrounding vegetation can influence mosquito species composition (40) .
Although these results provide an important new understanding of the potential effects of climate change on WNV vector ecology, they have some important limitations. DyMSiM has been evaluated successfully across a range of environments, but not for all of the study locations because suitable validation data are not available. Improved integration between model output and mosquito observations is required to advance validation and develop location-specific predictions of mosquito population dynamics. The model also does not account for species interactions or for the effects of human interventions, such as pesticide use, water storage, or large-scale irrigation. Additionally, GCM precipitation projections, especially for summer convective precipitation, have much greater uncertainty than those for temperature, although climate models are improving in accuracy (41, 42) . This study also focuses predominantly on large-scale climate circulation patterns simulated by GCMs, and therefore these results represent projected changes over large regions and are not predictions of local mosquito populations, which are affected by a variety of local environmental variables. Differences in land use and microclimates, for example, can cause differences in dynamics even across small scales.
In this study, precipitation and temperature are found to work interdependently to influence future mosquito population dynamics. In the southcentral and southwestern United States, water scarcity is often the dominant limiting variable, causing mosquito populations to be sensitive to changes in precipitation and vulnerable to larval/pupal habitat drying at higher temperatures. The southeastern United States generally receives sufficient precipitation to support mosquito populations throughout the year, making temperature the dominant variable influencing population dynamics.
Overall, the seasonal response of C. quinquefasciatus population dynamics to projected climate change across the southern United States varies geographically; however, some general trends emerge. Projected mosquito-season length increases by several weeks at the start and end of the current season in many locations. Most areas are also projected to experience a decrease in mosquitoes during the summer. Changes are sometimes subtle and in contrast to intuitive assumptions. This finding is especially true in locations that are water-stressed or experience strongly seasonal precipitation.
These results suggest that climate change will modify seasonal mosquito population levels across the United States, with possible consequences for vector ecology and public health policy. These findings also explain statistical associations between climate variables, such as warmer temperatures and heavy precipitation, and WNV infection rates in human populations (26, 43) . Location-explicit knowledge of the ecology of WNV is also critical for predictive and preventative purposes (44) . Public health interventions must account for site-specific changes and characteristics to implement the most effective control strategies to prevent WNV transmission to humans (20, 21) .
These results also highlight the need for future research on WNV ecology under climate change in the United States. Most of the locations in this study also harbor other important WNV vectors whose response to climate change may differ from that of C. quinquefasciatus. Furthermore, additional work is needed on the avian response to climate change and how it may impact the ecology of WNV from a human health perspective. Finally, the implications of changing land cover and land use need to be examined as they can make an area more or less resistant to drying and alter the magnitude of the mosquito population by allowing more water to collect. Urban infrastructure (27) , agriculture and water sources (45) , and wetlands (46) have all been reported to influence vector populations or WNV transmission. With a more complete understanding of WNV ecology and more knowledge about the response of the individual components to climate change, more effective measures can be used to limit viral transmission to humans.
Materials and Methods
Observed climate data for each location were obtained through the US Historical Climatology Network (USHCN) (http://cdiac.ornl.gov/epubs/ndp/ ushcn/ushcn.html) at the National Climatic Data Center. Site-selection requirements included locations within the habitat range of C. quinquefasciatus (47), sufficient historic climate data at each site to train the weather generator, and spatial representation across the southern United States. We consider only C. quinquefasciatus within our study range, although genetic introgression with C. pipiens has been reported along the northern part of our study area (48, 49) and the possibility exists that these hybrids may have different temperature tolerances and diapause behavior that could affect their population dynamics. Climate records for the years 1970-1999 were selected if at least 98% complete with no more than 1 mo of data completely missing. Eighty-four locations met these requirements (Table S1 ). Daily maximum temperature, minimum temperature, and total precipitation were obtained for the years 1970 through 1999 at each location. These data were used to train the statistical weather generator. Fig. 3 . Changes in start date (A) and end date (B) of the mosquito season (days earlier/later than base case). Most locations experience a 1-to 2-wk earlier start and 1-to 2-wk later end to the mosquito season because of increases in temperature, with a few notable exceptions. Some southern-tier western locations experience a later seasonal start date because of the dry conditions during spring and early summer, which are exacerbated under climate change. Southern Florida experiences little change because this area is capable of sustaining mosquito populations throughout the year. Drier summer and fall conditions trigger a premature end to the mosquito season in northwestern Oklahoma. Extremely dry and hot summer conditions in inland California cause an earlier end to the mosquito season, whereas the coastal locations experience a later decline because of a second population spike during the fall, when the rains return and temperatures are sufficient for mosquito development. Fig. 4 . Number of summer days (June 1 to September 30) with future mosquito population less than base mosquito population. In most locations a summer decrease in mosquito population is projected because of increased immature mortality at high temperatures and decreased larval and pupal habitat because of enhanced evaporation. The central and Gulf states experience the longest summer population dip because of the greater length and intensity of projected summer warming along with considerable drying. Locations further north and at higher elevations (especially along the Appalachians) experience a shallow dip because damaging high temperatures are less frequent and eastern locations receive greater precipitation under future climate. In the western United States, extremely dry summers limit sustained mosquito populations under both base and future climate conditions. GCM data were acquired through the IPCC Data Distribution Centre (www. mad.zmaw.de/IPCC_DDC/html/ddc_gcmdata.html). We obtained monthly averaged temperature and total monthly precipitation for the years 1970-1999 and 2021-2050 under the A2 climate change scenario in the IPCC AR4. We collected these data for 16 of the models used in the AR4 (Table S2) .
Weather generators provide a useful and practical method for downscaling monthly gridded GCM output to daily point data. The Long Ashton Research Station-Weather Generator 4 (LARS-WG) is a stochastic weather generator developed by M. A. Semenov (50, 51) at Rothamsted Research in the United Kingdom (www.rothamsted.bbsrc.ac.uk/mas-models/larswg.php). LARS-WG can generate a daily time series of weather data of specified length for a chosen site. A random seed allows the user to generate a number of different time series that have the same statistical properties as the original observed data but that represent different weather scenarios characteristic of the location. The weather generator requires input of historic climate information from the selected location to calculate site analysis statistics. In this study we used the USHCN climate data ) to train the model independently at each location.
To produce time series that incorporate the results of climate change scenarios, we calculated the GCM projected change in temperature and precipitation at the monthly level at each location. For each month, changes in temperature (absolute) and precipitation (proportion) for each location were calculated as the average difference between the modeled base values ) and the projected future values (2021-2050). These calculations were performed for each GCM separately and then averaged to generate a GCM ensemble mean. By incorporating the GCM ensemble changes into the site analysis statistics in LARS-WG, local weather time series with adjusted statistics consistent with projected site-specific future climate conditions were generated. For each location we produced 50 base and 50 future yearly weather scenarios representing the range of atmospheric variability reported in the station data. This approach has been used widely for calculating agricultural climate change impacts using crop models (52, 53) .
We chose to use the GCM-derived 1970-1999 conditions as our base climate scenario instead of the raw station data to keep the changes between present and future GCM runs comparable. Using the differences between the raw station data for the present and GCM data for the future is not appropriate because they would include not only differences because of modeled climate change but also validation differences, a known issue with GCM precipitation data. Furthermore, the station data represent information for a particular site and the GCM data represent a grid box.
DyMSiM is a discrete, deterministic model (17) that uses Euler's method of integration. The model requires the input of daily average temperature (C°), precipitation (cm), amount of impermeable land cover per area (cm 2 ), amount of permanent water per area (cm 2 ), and latitude. The model includes options for container depth, irrigation, and infiltration rates of permeable surface cover, but these options were not used in this study. We focus only on climate factors, which include temperature and precipitation, and thus land cover remains constant in time and space. Because containers and shallow surface puddles are the main breeding sources, impermeable land cover is set to 2,500 cm 2 and permanent water is excluded.
Because some new metrics of measurements were used in this study that were not evaluated previously, we performed a validation analysis on model and trap data for Coachella Valley, CA and Pasco County, FL (Tables S3 and S4 ). The metrics had to be altered slightly, however, to account for the smaller population sizes and because the trap and model data behave differently. The validation data should be interpreted with caution, as they are limited in a number of ways. For example, trapping ceases or greatly decreases during the shoulder seasons when we were attempting to calculate season start/end and the trap data are very location-specific and do not fully represent an entire area. Still, these data are the best source of information to evaluate the model. In future work, improved validation analysis can be achieved by conducting mosquito trapping to enable location-specific predictions and further enhance model performance. Further improvement can be made by including more location-specific habitat sources, such as storm drains and pools, instead of focusing predominantly on containers and puddles.
We ran DyMSiM with climate data generated from LARS-WG for the 84 locations across the southern United States under each climate scenario. In the model, containers and puddles fill with water from precipitation and lose water through evaporation. The model output consists of two 50-y time series (base and future) of daily mosquito populations for each location. The firstyear output was not included in the analysis because the model requires the initial year as a spin-up period.
To decipher geographic trends in the data, we mapped the change in MDM between the two climate scenarios. This process was done to determine if the effects of future climate would be unique at each location or if there were general trends associated with areas sharing a broad geographical region. Similar maps of temperature and precipitation change across the time periods were produced to assess their similarity with the MDM maps and determine the relative importance of each variable geographically. MDM was defined as the total number of days during each month that the daily modeled mosquito population was above 10. The results for each month represent the average number of mosquito days over the 49-y run at each location. During the validation analysis, MDM was calculated as the number of days during the month when the average population across the county was greater than 0.5. This number was adjusted because the trap numbers were much lower because of their small effective range. There is general agreement between model and trap MDM with the exception of January/February and March/April in Florida during 1997 (Table S3 ). It is difficult to tell if this is the result of an inaccurate model parameter or if there was some form of human intervention, such as pesticide spraying or elimination of breeding sources. The accuracy of the model during the other tests suggests the latter.
Because of noise in model output at the daily level, we used mean weekly mosquito populations for our time-series analysis. An individual week's mosquito population at a location and time period is calculated as the mean mosquito population during that week, averaged across that week for all 49 y, in each of the base and future model runs. Time series of mean weekly temperature and total weekly precipitation were also produced. We calculated the change in the weekly mosquito population between the base and future climate conditions at each location as follows:
where CM is the change in week i's mosquito population at site j, FM is the mosquito population during week i at location j under the future climate scenario, and BM is the mosquito population during week i at location j under the base climate scenario.
To identify overall patterns of change in mosquito population dynamics we performed an S-mode principal components (PCs) analysis on the population change data series across all sites. A similar method of regionalization has been used on climate data (54) . We used the correlation matrix in our calculation to enable comparison of locations with high and low mosquito populations. The first five PCs were retained (based on variance explained and eigenvalues greater than 1) and each location was initially assigned to a PC based on its maximum loading. Once mapped, some locations were reassigned to the PC with the second-or third-highest loading to create contiguous groupings on the map. There was generally little difference between the strengths of the loadings when this was done. Time series of temperature, precipitation, and mosquito population were created by averaging all sites within each PC group.
The change in the season start date and season end date were calculated and mapped to identify geographic trends. To calculate the change in season, we first averaged the daily mosquito population across the 49 y of the base and future model runs to create two time series of data. Averaged daily populations were calculated rather than performing the analysis on each individual year, because it limited noise in the data and provided a clearer signal. For each dataset (base and future) we identified the dates at which the population first reached a percentage of the base maximum population. This process was repeated using a range of values from 7% to 25% of the base maximum population at 1% intervals for each time series. From this procedure we used the median date as the start date, thereby eliminating outliers or biases that could result from choosing an arbitrary percentage. Still, these dates are subject to our chosen parameters and represent qualitative estimates of season shift rather than hard predictions. The season end date was calculated in a similar way by identifying the last day at which the population was above each percentage of the base population maximum. A more detailed description of this procedure and an example is provided in the SI Materials and Methods and Tables S5-S7. For each location we also calculated and mapped the number of summer days when the future mosquito population was less than the base mosquito population (by at least two mosquitoes), with summer defined as June 1 to September 30. In the validation analysis the start/end dates are defined as the day when the mosquito population has increased for 2 consecutive days. It was not possible to perform this analysis with the same algorithm because of the small amount of trap data and because trapping was limited or ceased during the cooler times of the year when the start/end would normally occur. Once again the test on the 1997 Florida trap data shows considerable disagreement with the model; however, model and trap start/end dates for most other years and locations are within a week or a few days of each other (Table S4 ).
